Additive manufacturing and specifically metal selective laser melting (SLM) processes are rapidly being industrialized. In order for this technology to see more widespread use as a production modality, especially in heavily regulated industries such as aerospace and medical device manufacturing, there is a need for robust process monitoring and control capabilities to be developed that reduce process variation and ensure quality. The current state of the art of such process monitoring technology is reviewed in this paper. The SLM process itself presents significant challenges as over 50 different process input variables impact the characteristics of the finished part. Understanding the impact of feed powder characteristics remains a challenge. Though many powder characterization techniques have been developed, there is a need for standardization of methods most relevant to additive manufacturing. In-process sensing technologies have primarily focused on monitoring melt pool signatures, either from a Lagrangian reference frame that follows the focal point of the laser or from a fixed Eulerian reference frame. Correlations between process measurements, process parameter settings, and quality metrics to date have been primarily qualitative. Some simple, first-generation process control strategies have also been demonstrated based on these measures. There remains a need for connecting process measurements to process models to enable robust model-based control.
Introduction
Over the last two decades, additive manufacturing has grown from a novelty to a multibillion dollar industry. To date, most practical applications of additive technologies have been for prototyping or in manufacturing components where mass customization is desirable. Economically, 3D printing or additive technologies are attractive in comparison to traditional manufacturing methods for such applications because no partspecific tooling is required. More recently, additive manufacturing methods have begun to be applied to the mass production of components where new design modalities enabled by additive processes provide the primary value proposition. In particular, parts with complex internal geometries can be built in a single unit, enabling consolidation of parts previously made using many assembly steps or components that would be impossible to produce using traditional manufacturing methods. One such part, the LEAP fuel nozzle manufactured by GE Aviation combined what was in previous generation engines 20 separate parts into a single unit with complex interior passageways. By 2020 GE Aviation will be additively manufacturing in excess of 100,000 parts for LEAP and other aircraft engines.
Manufacturing of end use parts, particularly on a large scale, introduces new challenges to the advancement of additive technologies. A particular difficulty is ensuring part quality and reproducibility, which has been referred to as the Achilles heel of AM on more than one occasion [1] . Ensuring repeatability and consistency within a build volume, between builds, and between machines is essential for the advancement of AM technology, especially in highly regulated industries such as medical device manufacturing and aviation [2] . A critical step to dealing with this problem is the development of in-process sensing and control technology. This is also crucial for enabling rapid qualification of parts and reducing machine downtime [3] .
Process monitoring and control needs
Reducing variability in quality metrics, including dimensional tolerances, surface roughness, material consistency, and others is a major need for the advancement of additive manufacturing technologies [2, 4, 5] . The internal location of features of interest enabled by the additive process, and consequently the location of internal defects, creates a significant post-process inspection challenge and can make post-process repair of defects difficult to impossible [1] . For this, among other reasons, it would be ideal to be able to monitor quality, detect defect formation, and make correction or repair in situ, as a part is being built.
The ultimate goal of additive manufacturing process monitoring efforts is to develop effective real-time, closed-loop feedback control of the additive process [2, 4] . The current state of the art predominantly consists of using empirical observations of finished additive parts and applying heuristics to make design, machine parameter, or machine hardware changes to reduce variability in subsequent builds as in-process sensing remains uncommon in industrial settings. This approach is far from the desired goal and has achieved only limited success [4] . While numerous process measurement modalities have been developed and demonstrated for laser powder bed additive processes, to be reviewed herein, the greater challenge is in the analysis and interpretation of these measurements. To be effective, control algorithms will ultimately need to have a basis in predictive models of system response to process changes [2, 6, 7] . To that end, there are significant needs related to developing robust process models and increasing the state of knowledge of process physics [2, 3, 6] .
The remainder of this article will review the state of the art with regard to process sensing technology for additive manufacturing, with a focus on metal, laser powder bed processes. Developing an effective, value adding process sensing technology requires first an understanding of the fundamental physics of the process and how process dynamics impact quality metrics of finished parts. An overview of the process, key controllable variables, and process physics as it relates to potentially detectible process signals will be provided. Sensor modalities that have been employed on powder bed processes will also be reviewed. Process signals must of course be analyzed and related to part quality metrics and appropriate responses to the process signals developed. The ultimate aim of these process sensor analytics is the development of real-time feedback control for the additive process. The current state of the art for process sensor analytics and control will be reviewed. Progress on efforts at GE Aviation will also be discussed as part of this review.
AM process overview
Additive manufacturing encompasses a variety of technologies for producing components in an additive, layer-wise fashion. These technologies can broadly be grouped into one of seven major classes based on the mechanism in which each layer is formed: photopolymerization, extrusion, sheet lamination, beam deposition, direct write and printing, powder bed binder jet printing, and powder bed fusion [8] . This review is focused on the last of these where a focused energy beam is used to fuse powder particles together on a layer-wise basis. The energy beam may be either an electron beam or laser, the latter of which is of interest in this work. These laser powder bed fusion processes are referred to by many different names, the most common of which are selective laser sintering (SLS) and selective laser melting (SLM), depending on the nature of the powder fusion process. When the powder to be fused is metal, the terms direct metal laser sintering (DMLS) and direct metal laser melting (DMLM) are commonly used.
A typical SLS or SLM process is illustrated in Fig. 1 . The powder feed is contained in a hopper or dispenser bed. In the embodiment illustrated in Fig. 1 , an elevator in the powder reservoir lifts a prescribed dose of powder above the level of a build plate which is then spread in a thin even layer over the build surface by a recoater mechanism. The recoater mechanism may consist of a hard scraper, soft squeegee, or roller [9] . Powder may also be supplied by a hopper from above the build surface. The powder layer thickness is typically between 10 and 100 μm. Selective portions of the powder layer corresponding with a slice of the part to be manufactured are then sintered or melted by a focused laser scanning across the surface. Lasers in the metal powder bed system are typically fiber lasers with wavelengths in the 1.06-1.08-μm range and powers on the order of magnitude of 100 s of Watts. The process is repeated to build up a finished part in a layer-by-layer fashion. For metals, the process is typically carried out in a nitrogen or argon atmosphere with very low oxygen content to prevent oxidation of the metal during the fusion process.
Key process variables
In developing monitoring and control technology for any system, the first and most obvious question to be answered is what variables should be monitored and controlled. For the SLM/SLS process, there are over 50 different SLM/SLS process parameters that impact the ultimate quality of the finished part, creating a significant challenge in understanding process physics and developing an effective process control strategy [4, [10] [11] [12] . Broadly speaking, these parameters can be placed into one of four categories: (1) laser and scanning parameters, (2) powder material properties, (3) powder bed properties and recoat parameters, and (4) build environment parameters [10] . These properties are summarized in Table 1 . These can be further classified into controllable parameters that can be manipulated during a build process and predefined parameters that are determined at the start of a build and remain essentially set throughout the process [4] . Here, we define variables as "controllable" if they are or can be manipulated during a typical build with current technologies, even though some variables defined here as fixed could theoretically also be varied. Some of the parameters listed in Table 1 are actually groups of variables with the specific values of relevance depending upon the system design being used. A basic understanding of the physics of the SLM/SLS process will aid in understanding the relative importance of each parameter. At its most basic level, SLM/SLS is essentially a heat transfer process where energy from a laser is transferred to a powder bed, heating then melting the powder, after which the melt is allowed to cool to a solid mass. This is illustrated in a simple diagram in Fig. 2 for SLM.
The laser serves as the energy source in the heat transfer process illustrated in Fig. 2 . How much power is delivered by the laser is most obviously a function of the laser power output (P L ), the mode of the laser (continuous or pulsed), the area to which the beam energy is applied (spot size), and the amount of time the energy is applied to a given area of the powder bed [4, [10] [11] [12] . Power is commonly adjusted to different levels during an SLM build process corresponding to scan parameters used for different types of desired features. For example, different laser powers may be used on part contours to control surface finish than are used in the bulk interior region of a part or on support structures where manufacturing speed and density are important but where surface finish is not relevant. Continuous lasers are the standard in industrial machines; however, pulsed lasers have been demonstrated [13, 14] to provide some advantages in preventing cracking or controlling the microstructure of the material [15] [16] [17] . If the laser is used in a pulsed mode, the peak power, pulse width, and pulse frequency can be added to the list of variables impacting the output of an SLM or SLS process. Unpolarized IR lasers (wavelength of~1.06 μm) are the industry standard for SLM machines. Wavelength and to a lesser extent polarization can have a significant impact on absorptivity [18] , though these are not parameters that are commonly changed in the SLM or SLS processes [10] .
In either pulsed or continuous mode, the focus and profile of the laser beam, described by beam quality (M 2 ), intensity profile (I(x,y,t)), and spot size(d x and d y ), also impact how energy is delivered to the powder bed. A galvanometer scanner is used to move or scan the focal point of the laser across the build surface during the SLM and SLS processes. The speed at which the laser is scanned (v) is a critical controllable process parameter, impacting how long the laser power is applied to a particular spot [4, [10] [11] [12] 19] . Typical laser scan speeds are on the order of 10 to 100 s of millimeters per second. Part geometry and scan pattern or strategy will also influence the heat transfer environment in the vicinity of the melt pool. In Fig. 3 , the heat transfer process of Fig. 2 is illustrated in four different cases. The powder can intuitively be expected to have different thermal transport properties from the fused material. As such, the situation illustrated in Fig. 3a where a scan is taking place over a large solid part, the part itself becomes a heat sink through which energy is conducted away from the melt pool. When scanning over a smaller solid mass as in Fig. 3b , conductive dissipation of thermal energy away from the melt pool will be slower. Similarly, the pattern or strategy used in scanning the laser impacts the thermal environment. To illustrate this, compare the scenario illustrated in Fig. 3c with that in Fig. 3d . While at first glance these may appear to be near mirror images of one another, they are quite different from a heat transfer perspective. Gas flows from left to right over the powder bed in both illustrations. In Fig. 3c , the laser is focused on the right edge of a part. Gas flowing across the surface has had the opportunity to pick up heat from the hot, recently fused material to the left of the scan. The melt pool is also partially forming next to solid material on the left side and powder on the right side. As such, thermal conduction to the left is expected to be faster than conduction to the right. In contrast, the laser in Fig. 3d is focused on the left edge of a part so that the gas flowing across the surface reaching the melt pool region without flowing over any previously welded material. A layer of powder also sits atop the previously fused layers of the part to the right of the melt pool. The laser scan pattern or strategy used in creating each successive layer of the part will impact the heat transfer process and hence thermal gradients within the part as it is formed [20] . Not surprisingly, the laser scanning strategy used has been observed to influence the resulting properties of the finished part [21, 22] . Common scanning patterns include hatches in arrays of parallel stripes, spirals, or contours from the outer edge of a part to the center and/or ziz-zagging tracks [10, 21, 22] . Implementation of any of these scan strategies in practice requires specification of multiple process variables, such as the stripe width, stripe overlap, and stripe direction for the first example listed. One parameter common to all scan strategies is the scan spacing (S s ) or distance between neighboring passes of the laser [10, 12] . Some degree of overlap between neighboring melt pool areas is typically desired to ensure the material is fully dense and achieves full strength. The degree of overlap will also impact the thermal environment in a manner similar to that described in Fig. 3 . Ultimately, ensuring the laser is focused on the desired position and moving at the specified speed is critical to controlling variability in SLM and SLS processes. How the laser beam interacts with the powder material during SLM as well as the dynamics of the melt pool are largely a function of the powder material and thermodynamic properties [10] . The choice of material essentially sets these properties [4, 10] . In addition to standard thermophysical properties, the powder particle shape, surface roughness, and size distributions can also be important as these impact light absorption [23, 24] , flowability of the powder during the recoat process, packing of the powder bed, and the uniformity of layers deposited in the recoat process [4, 10, 12] . If powder is reused, these properties are susceptible to change due to sieving, contamination, or vaporization and subsequent condensation of material from previous builds [10] . These changes are denoted by a pollution variable in Table 1 and are not easily quantifiable [10] .
The properties of the powder bed are related to, but different from, those of the powder material from which it is composed [23] [24] [25] . These differences which can significantly impact process dynamics as well as final part properties are to great extent a function of the packing density of the particles in the powder bed. The powder bed may be composed of as much as 40-50 % free space depending on packing density. One consequence of this free space is that the powder bed exhibits different thermal transport properties from the material of which it is composed [26, 27] . For example, Sih et al. measured the thermal conductivity of a nickel powder bed to be 0.272 W/ (m · K) while the value for nickel metal is known to be 90.9 W/(m · K) [27] . Consequently, powder layer thickness, layer uniformity, powder temperature, and packing density can all be expected to impact the heat transfer process described in Fig. 2 . A lower limit on the former is imposed by the particle size in the powder feed [12] .
The thermal properties of a powder are known to depend on packing density. Packing density is well known to be a function of the particle size and shape distributions and has been described by several models [28, 29] . Intuitively, it is expected that powder delivery or recoat process parameters such as the recoater type (blade or roller), recoater material (hard metal or ceramic or soft plastic), recoater velocity, powder dosing, layer thickness, and applied pressure have an impact on the packing density of each respective powder layer. Powder recoating parameters, especially layer thickness and uniformity, have been found to impact finished part properties [1, 12, 30, 31] ; however, current understanding of the mechanism of the impact is limited to a few empirical observations. The recoat process bears many similarities to the classic slider bearing problem in fluid mechanics with powder lubrication (cf. [32, 33] ), as illustrated in Fig. 4 . Application of similar modeling approaches to the recoat process in SLM and SLS systems might be expected to yield useful theoretical insights into recoat process dynamics and ultimately its influence on the powder fusion process.
It is common to control the powder bed temperature with either radiant heaters in the build environment or through heating the walls of the powder bed/powder reservoirs. Most obviously, the powder bed temperature will impact thermal gradients in the heat transfer process illustrated in Fig. 2 , ultimately influencing internal stresses in finished parts [12] . Thermal transport properties such as heat capacity and thermal conductivity are also a function of temperature. Less apparently, powder bed temperature may impact the flow of powder during the recoating process (cf. [32, 33] ) and thus impact layer uniformity and packing density.
The high temperatures required to melt or sinter metals necessitate that SLM and SLS builds be performed under a controlled, low oxygen atmosphere to prevent oxidation, decarburization, and other problems that can adversely impact mechanical properties of the finished part [12] . This is achieved using a combination of positive pressure from an inert process gas, usually argon or nitrogen, and vacuum pumping to remove air from the build space [12] . In SLM, a plasma plume is typically observed above the weld pool. This plasma consists of ionized gas from the build atmosphere as well as vaporized and/or ionized metal from the powder bed [34] . This plasma plume may absorb and/or refract laser radiation thus influencing energy absorption by the melt pool/powder bed [12, 34, 35] . The surface tension, and hence the shape of the melt pool, as well as Marangoni flow in the melt pool are also expected to be impacted by the build environment gas composition in SLM. This phenomenon is well known in fusion welding Fig. 4 Illustration of the powder recoat process in SLM and SLS systems. As the inset shows, powder flow is very similar to a powder lubricated slider bearing. (cf. [32, 33] ).
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processes [36] [37] [38] , though it has not been studied with respect to SLM. Small changes in oxygen composition (from 0.1 to 1.0 vol%) have been observed to lead to large changes in the shape of the weld pool as small quantities of oxide form on the surface of the melt, changing the surface tension and impacting Marangoni flow within the liquid phase [36] [37] [38] . Any change in melt pool dimensions would impact the heat transfer process illustrated in Fig. 2 . Changes in surface tension also can lead to Rayleigh instabilities in the weld bead during an SLM process [39] .
Process signatures
In addition to process variables, numerous process signatures provide a "voice of process" that can be monitored to provide information about both process physics and ultimate part quality metrics. These process signatures result from dynamic characteristics of heating, melting, and solidification of the powder feed material, i.e., the heat transfer process illustrated in a simplified form in Fig. 2 . The most obvious process signatures and those that have received the most attention in SLM process monitoring efforts are those associated with the melt pool and illustrated in Fig. 5 . The physical size of the melt pool is arguably the simplest process signature conceptually. The melt pool will grow or shrink as more or less energy is transferred to the powder bed and/or melt pool. The shape and stability of the melt pool may also change during the process. As the melt pool grows, "satellites" may form as solid powder grains become connected to the edges of the melt pool [12] . Conversely, if too little energy is transferred to the material, a "balling effect" characteristic of an unstable melt pool may be observed [12] . These effects are commonly observed at the starting and stopping points of a scan [12] . As noted in the previous section, Rayleigh instabilities have also been observed in some SLM process conditions [40] .
There are several electromagnetic signatures that emanate from the melt pool, as shown in Fig. 5 . Laser light that is not absorbed by the powder/melt pool will be reflected or scattered away from the build surface. Radiative emission from the melt pool will also occur at wavelengths that correspond to the melt temperature. The high energy of the laser will also lead to the formation of a plasma plume above the melt pool, consisting of partially ionized gas from the build environment as well as metal vapor. Emission from this plasma plume adds to the electromagnetic signature of the melt pool [12, 34, 35] .
In-process sensing strategy and modalities
All of the key process variables in the "Key process variables" section and Table 1 as well as the process signatures in the "Process signatures" section are potential candidates for monitoring as part of a larger quality and process control plan for the SLM process. As should be clear from the preceding discussion, monitoring all of the large possible number of process variables and signatures would be impractical. The ultimate goal of process monitoring is to ensure the quality of final parts reducing the need for costly, time consuming post-process inspection and to develop real-time process control. To achieve this goal will require determining which of the many process variables and signals or combinations thereof provides the most valuable information while at the same time being accessible to measurement and analysis. This evaluation will require a quantitative understanding of how SLM process variables and process signatures are related to one another and ultimately how both relate to important part quality metrics, as illustrated in Fig. 6 [4]. These correlations are unfortunately not well understood at this time. The key strategic focus of SLM in-process sensing development work is on identifying and understanding these quantitative correlations. Ideally, theoretical models that provide insight into the process physics would provide this information. From a practical standpoint, empirical correlations would provide significant value and enable in-process sensing to be used for quality monitoring and process control. Whether theoretical or empirical, these kinds of quantitative correlations (illustrated in Fig. 6 ) are critical to making process intelligence gained from a monitoring system actionable. The current state of the art with regard to in-process sensing technology will be reviewed in the remainder of this section. Observed correlations of sensor measurements of process parameters and process signatures with one another and with part quality metrics will be highlighted. In-process sensing modalities can be broadly divided into those that monitor process inputs or predefined process variables and those that monitor process signatures or the "voice of process." Monitoring of process inputs can be further grouped into technologies for machine measurements and those for powder Fig. 6 General strategy for in-process sensing technology development-identifying quantitative correlations between process parameters, process signatures, and quality metrics property measurements, with the latter being more specific to the SLM process. Technologies for monitoring SLM process signatures bear great similarity to those used in laser welding [41, 42] . The most common approaches to monitoring the "voice of process" have focused on acoustic signatures from the weld pool, electromagnetic signatures such as those illustrated in Fig. 5 , and/or powder bed imaging. Monitoring of electromagnetic signatures from the melt pool has been the predominant method for SLM in-process sensing and has been accomplished using both Lagrangian (i.e., moving with the melt pool) and Eulerian (i.e., fixed position) reference frames. One challenge common to nearly all of these sensing modalities is data management. This issue will be discussed in the next section, followed by an overview of current commercially available in-process sensing systems.
Measurements of predefined process variables
Though not in-process monitoring per se, evaluation of SLM process input parameters or predefined variables provides critical information required for process models and thus model-based control. The accuracy of process models will be limited by the accuracy of the parameter measurements input to those models. Moreover, as these process inputs have a critical impact on numerous part quality metrics, their measurement and control is an essential part of any quality plan. From an evaluation standpoint, these input parameter measurements can be divided into two groups, those performed as part of regular machine maintenance and calibration and measurements of material inputs.
Machine measurements Variation in the performance of mechanical aspects of the machine or machine errors can be a source of part quality issues. For example, positioning variation will lead to geometric variation in parts. These sources of variation are generally considered small relative to other process issues and are not unique to additive processes and will not be discussed in depth here. Guidelines for controlling these issues can be taken from well-established machine tool standards, e.g., ISO 230-1 [4] .
Powder property measurements The material properties of the powder feed used in an SLM or SLS process will place a fundamental limit on the material properties of the finished part. Powder properties also have a major impact on process dynamics, as discussed in the "Key process variables" section. Of particular interest are the powder thermal properties which impact the heat transfer process (see Fig. 2 ) and the morphological and flow characteristics of the powder which are important machine powder handling systems and the recoat process. ASTM F3049-14 outlines standard measurement methods for chemical composition, density, morphology, and flow characteristics of powders used in additive manufacturing [43] . Several measurement methods for each are referenced in this standard and are summarized along with other common measures in Table 2 . By and large, these are traditional material characterization methods that have been applied to additive processes. In many cases, these are impractical in time, effort, and cost [44] . Current methods also may be inadequate due to gaps in the current state of knowledge as to how changes in powder properties influence finished part characteristics. For instance, the differences between virgin metal powder and reused powder from a previous additive process and how these differences impact part quality remain unclear [44] . These challenges have led to efforts to develop standardized methods for rapid qualification and certification of additive materials and parts [45] .
Powder chemical composition provides a potential source of part quality variability. Statistical variations in alloy composition can be expected between powder lots and powder suppliers. Changes in powder properties over time could also introduce variation into the process, such as when recycled powder is used due to repeated exposure to the build environment in an SLM machine [44, 45] or simply due to exposure to the environment (e.g., oxidation or moisture adsorption). Common chemical analysis methods include inert gas fusion thermal conductivity to evaluate hydrogen and oxygen content in alloys, combustion analysis to evaluate carbon content, and several optical and X-ray spectroscopic techniques for evaluating bulk and surface chemical composition. X-ray diffraction is also commonly used in evaluating the crystal structure of the material. Several methods are available for evaluation of powder density, including tests using a Hall flowmeter funnel, Carney flowmeter funnel, Scott volumeter, and Arnold meter. An alternative approach using helium or nitrogen pyncnometry will provide a measure of the bulk material density from a powder sample. A drawback of this technique is its cost and complexity relative to the other density measurement methods. These along with tap density testing methods aim to provide a standard means of packing the powder particles so as to achieve a consistent measurement. These methods provide value in terms of defining a repeatable measurement for supplier/material specifications but are less useful in providing input to process models. As discussed in the "Key process variables" section, the packing density of the powder in an additive machine can be expected to depend at least in part on recoat process parameters. It is not clear which if any of these methods provide values that are representative of the density in the powder bed of a SLS or SLM system is not clear.
Thermal property analyses of powders are not called out in ASTM F3049. As discussed in the "Key process variables" section, properties such as the heat capacity and thermal conductivity of the powder are critical determinants of process dynamics and will thus also be important inputs to any process model. Evaluation methods for powder thermal properties are summarized by Sih and Barlow [27] and bear strong resemblance to traditional methods used for bulk solid materials. A challenge in using powder thermal properties measured with these methods is that the values obtained will depend on the packing density of the powder. As with the density measurement methods described above, powder thermal property measurements may not be representative of the actual values in the powder bed of an SLS or SLM machine.
Particle size distributions can be easily and cheaply evaluated using a series of sieves of decreasing opening sizes. Laser or light diffraction and scattering methods provide another means of evaluating particle size distributions. Evaluating particle shapes and shape distributions requires individual particle images or silhouettes which can be obtained using a microscopy [9, 43, 45] or projection image [46] . Image analysis software can provide a number of shape measures and statistics for particles, which have been reviewed by Hawkins [47] and are described in ASTM B243 [45] . Most metal powders used in SLM are manufactured using a gas atomization process and have diameters on the order of 10 s of microns. This process generally produces spheroidal or quasispheroidal particle shapes [44, 48] . Particle size and shape distributions impact several aspects of SLS and SLM processes. For example, particle size places a fundamental lower limit on both the layer thickness (i.e., particles must fit through the gap between the part/build surface and recoater surface illustrated in Fig. 4 ) and minimum feature size that can be obtained (i.e., features smaller than an individual particle will not be obtained by fusing particles together) in an SLM process. Size and shape distributions also impact flowability during the recoat process (cf. [32, 33] ), optical properties of the powder bed [23] , as well as the powder packing density [28, 29] , which in turn impacts the thermal properties of the powder bed (see the "Key process variables" section). While there is a good qualitative understanding of the link between particle size and shape distributions and various aspects of the SLS and SLM processes, there remains a need for better quantitative understanding of these relationships to better allow both better use of particle size and shape distribution data and to develop more intelligent material specifications.
As discussed in the "Key process variables" section, flow characteristics of the powder will be important in the recoater and powder handling systems of additive machines. Poor flow can lead to build crashes or recoat nonuniformities and thus should be taken into account when developing and specifying materials for SLM [49] . While particle size and shape distributions impact flow characteristics, these alone do not define flow behavior as different powder samples with the same size and shape characteristic have been shown to exhibit markedly different dynamic flow behavior [9, 44, 49] . Environmental factors such as humidity are among the many factors known to impact powder flow and packing characteristics [44] . Several methods are available for evaluating powder flow characteristics. Hall or Carney funnel measurements are among the simplest of these; however, they are clearly not representative of the flow situation in an additive machine. Numerous advanced powder rheology tests are also available [9, 44] ; however, it is unknown which of these measures provide the best picture of how the material will behave during an additive process. More research is needed to develop models of the flow behavior and to correlate powder rheology characteristics to machine performance characteristics to enable best measurement practices to be better defined for SLS and SLM.
"Voice of process" measurements
As previously noted, the majority of SLM in-process monitoring efforts have focused on measurement of process signatures associated with the melt pool and surrounding heat affected zone (HAZ). Measurements of these "voice of process" signals include acoustic and electromagnetic signatures, such as those shown in Fig. 5 . Measurements of electromagnetic signals emanating from the melt pool are far more developed for the SLM process and show great promise for evaluating melt pool size, temperature, and stability as well as the thermal history of the material. In addition to the melt pool, the process signatures from the powder bed itself can provide valuable insight into process variation and final part quality. A survey of these monitoring approaches is presented in this section.
Acoustic signature monitoring Acoustic monitoring is widely practiced in laser welding processes due to the simplicity and low cost of acoustic sensors [41, 42, 50, 51] . The basic process requires comparison of the acoustic signature of a "known good" standard with that from welds to be evaluated and is described in ASTM E749. While the intensity of a weld acoustic signature has not been shown to be a strong indicator of weld quality [50] , the frequency response has been correlated to several weld quality metrics and process phenomena, including keyhole formation, plasma formation, and crack propagation [42] . Acoustic monitoring has been discussed as a potential monitoring technology for laser additive processes [42] , but to date there have been no published studies of this monitoring approach applied to the SLM process. It is anticipated that the 3D nature and complex acoustic environment of the SLM process would make implementation of acoustic monitoring highly nontrivial, though it is an area worthy of further investigation.
Electromagnetic melt pool signature monitoring Electromagnetic signatures associated with the melt pool and HAZ have been the subject of most SLM process monitoring research and development efforts. These signatures include melt pool geometry measures and electromagnetic emission from the melt pool and associated plasma plume (see Fig. 3 ). Sensors utilized for evaluating these signals can be classified broadly as spatially integrated (i.e., photodiodes and pyrometers), spatially resolved (i.e., cameras), and spectrally resolved (i.e., spectrometers) [1, 42] .
Regardless of the type of sensor used, one requirement is that the sensors have a very fast response time and a high degree of spatial resolution. Laser scanning rates in SLM are typically on the order of 100 to 1000 mm/s while the laser focus area is on the order of 10-100 μm. Any electromagnetic monitoring system must be equally capable of reacting to these high scanning velocities and rapid melt pool dynamics in addition to being able to resolve small spatial variations [1] . This in turn leads to a number of challenges associated with data management and can add to the cost of the sensor and related hardware.
Spatially integrated, single-channel detectors such as photodiodes, pyrometers, and photomultiplier tubes have seen widespread use in melt pool monitoring [52] [53] [54] [55] [56] . These have the advantage and disadvantage of reducing the signal from the field of view down to a single number, a voltage corresponding to the amount of light that strikes the detector. The low cost, high sensitivity, robustness, and fast data collection rates (typically~50 kHz) make these devices very attractive for SLM in-process monitoring efforts. These kinds of sensors are typically sensitive only over a limited range of wavelengths. For example, silicon photodiodes are generally used for UV and visible wavelengths while germanium and InGaAs photodiodes are preferred for visible to infrared light detection. Most SLM monitoring efforts have focused on a limited range of wavelengths corresponding to specific melt pool related phenomena by their choice of sensor in combination with spectral filters [1, 57] . Thermal radiation from the melt pool is generally in the visible to IR range (900 to 2300 nm) while plasma emission is in near UV or visible wavelengths (400 to 650 nm) [1] . Back reflection of the laser may also need to be accounted for, which of course will occur at the laser wavelength (1060-1080 nm) [1] .
An alternative approach to melt pool monitoring is to utilize a spatially resolved sensor modality, i.e., a camera. More specifically, such "vision systems" use CCD or CMOS detectors where the pixels of the detector enable spatial resolution of the signal. Melt pool size can be evaluated by counting the number of "hot" pixels which detect a light intensity above some threshold value. Similarly, melt pool shape and temperature profiles can be estimated [52, 53, 58] . As with single-channel detectors, spatially resolved sensors and accompanying spectral filters must be carefully chosen to focus on wavelength ranges of interest. These systems gather either emitted light from the melt pool [52] or use an illuminating laser [1] . Camera-sensing systems typically have a slower response time than single-channel detectors such as photodiodes (500-1000 images/s) [52] . Nonetheless, data management can be an even greater challenge with camerasensing systems as the amount of data that can be collected increases with the number of pixels in the sensor [52] .
Spectrally resolved sensor modalities, i.e., spectrometers, have long been used in laser processing [42] , but have not been widely applied to the SLM process. UV and visible spectrometers can give valuable information about the nature and composition of the plasma plume generated above a melt pool in laser material processes [42, 59, 60] . Two key drawbacks to this measurement approach are the cost of the spectrometers themselves and their slow response time relative to the speed of the additive process.
Lagrangian reference frame modalities In addition to the types of sensors used, how the sensors are employed in an additive machine will have a major impact on the type of analysis that can be performed. Sensors may be employed in a manner that allows the sensor to follow the melt pool, i.e., with a moving, Lagrangian reference frame, or in a manner that allows the sensor to focus on a fixed position, i.e., with an Eulerian reference frame. To accomplish the former, sensors have been set up to observe the melt pool directly through the scan head. This provides a Lagrangian viewpoint aligned with the laser focal point and following the melt pool. An illustration of this type of sensor setup is shown in Fig. 7 . By incorporating a beam splitter, multiple sensor modalities can be incorporated into a system in this manner [1, [52] [53] [54] [55] . Using the same galvos and optics as the scanning laser ensures that the area probed by the sensor is coincident with the focal point of the laser and presumably the heat affected zone. However, the reflective profile of the mirrors and distortion of the f-theta (or any other) lens limits the ability to probe process signatures with wavelengths relatively close to that of the scanning laser [53, 58] .
This approach has also shown success in identifying variations in-process parameters and defect modes. For example, a pyrometer response in this type of setup has been shown to be sensitive to variations in powder layer thickness, scan spacing, and scan strategy in addition to identifying Rayleigh instabilities in the melt pool [56] . Berumen et al. demonstrated the ability to detect changes in powder layer thickness and were able to show a correlation between photodiode response and the porosity level of a test specimen [52] . A laser power-dependent response that correlated to melt temperature has also been observed [53] . Similar results have been obtained at GE Aviation, as shown in Fig. 8 . Porosity in SLM is expected when the applied laser energy density is 
either too low to result in powder fusion or when the energy density is too high and effectively boils the metal material [61] . A photodiode sensor in a Lagrangian monitoring modality has also been used to develop a first-generation feedback control system for an SLM process that dynamically adjusts laser power based on photodiode response [54, 58] . The control methodology proved successful in improving the surface finish of an overhang in a metal part [54, 58] . While promising, further work is needed to validate this approach for other process conditions and geometries to determine how generally it may be applied.
In a similar manner, cameras may also be integrated coaxially to enable monitoring of the shape and size of the melt pool [1, 52, 54] . Whether the camera uses illumination or emitted light, the melt pool size is a discriminator of the amount of energy that has been deposited into the melt pool. Since energy input is related to a number of factors including laser power, scan speed, and powder absorptivity, being able to determine melt pool size is important in discriminating against these process changes. Shape, specifically the length of the melt pool, has been shown to be a proxy for material cooling rates which ultimately may indicate the amount of residual stress in the part [55] .
The Lagrangian monitoring approach has shown significant promise in moving toward the goal of an industrialized, real-time process control system. It allows the melt pool instabilities and variation to be observed in real time. As discussed in the "AM process overview" section, many variables influence heat transfer in the HAZ and thus the process signatures. Numerous error modes or process variations can create such instabilities and variations [61, 62] . For example, slip in a galvo motor as it ages may cause a jump or sudden variation in laser scan speed and result in a change in melt pool dimensions and electromagnetic emission. A similar result might be observed due to a sudden change in gas flow rate or laser power. A more sophisticated system than has been currently reported will likely be required to enable more robust process control or to do root cause analysis when instabilities are observed. It is anticipated that multiple sensor modalities will be required to distinguish different error modes and sources of variability as well as to capture process dynamics for a sufficiently wide range of materials, process conditions, and part geometries. Another weakness of this approach is that it does not allow the temperature history of a given element of material to be monitored. Metallurgical properties will depend to some extent on the peak temperature and the cooling rate. A Lagrangian sensor as described here monitors an area coincident with the laser focal point and remains blind to the cooling process of an element of material that occurs after the laser has passed that element.
Eulerian reference frame modalities An alternative and complementary process monitoring approach is to utilize an Eulerian reference frame monitoring a fixed point or area on the build surface. This can also be done using the same sensor modalities discussed above for a Lagrangian reference frame, i.e., photodiodes, pyrometers, and cameras. The thermal history of a material, especially many metal alloys, strongly influences and in many cases is the primary determinant of the material's final physical and mechanical properties. Unlike Lagrangian measurements, Eulerian fixed reference frame measurements allow process signatures related to the thermal history to be monitored. This approach has not received as much attention in the academic literature for SLM processes, though it has been incorporated into a system by plasmo Industrietechnik and EOS [57] . It has also been utilized in other laser material processing applications, including direct metal deposition additive manufacturing [63] for quality assurance of that process which has the advantage of a constant distance between the sensor and melt pool. For single-channel detectors in SLM, this would only be the case if a single reference point were monitored on the build platform. From an analytics standpoint, another challenge is accounting for changes in the emissivity of a material as a function of temperature and part geometry. For a given alloy, the emissivities will be different for a powder bed, a liquid melt pool, and the resulting dense solid in an SLM process [4] .
Powder bed monitoring Imaging of the powder bed may also be used to garner insight into the health of the process and quality of the part. There are several ways to image the powder bed and numerous outputs. Both visible and IR cameras have been employed for powder bed imaging, though the latter has primarily seen use in polymer SLS systems rather than metal SLM machines. IR images allow temperature variations in the powder bed to be measured that can contribute to thermal stress within a part [64] . Visual camera images taken after the completion of laser scanning on a given layer may be used to evaluate errors related to the part geometry, superelevation of the part above the powder bed due to thermal stresses, and support connection errors in a that layer [65, 66] . Imaging after a powder recoat process but before laser scanning of a given layer can also provide a means of detecting irregularities in the recoat process [58] . Images of the powder bed after the recoat can be analyzed to detect short feeds where insufficient powder is applied to the layer, or other nonuniformities in a powder layer such as those caused by damage to a recoater mechanism or a part protruding through a powder bed due to thermal stresses [58] . Visual imaging equipment is relatively inexpensive and easy to install; however, image analysis is complicated by uneven exposure, the off normal imaging axis, and the reliability of detecting edges. Significant image post-processing is required to correct for image perspective and contrast between the part and powder [65] . Data handling also becomes a challenge with higher resolution images required for evaluating fine geometric features.
Data management challenges
Beyond the challenge of relating in-process sensor data to system control and part quality metrics, the sensing modalities discussed in the preceding section also have the potential to generate massive amounts of data. As the number and size of the data sets grow, processing the data in real time and archival storage of the data become major challenges. In this section, the scale of this challenge will be described. A prerequisite to dealing with this problem is understanding the relationships or correlations between in-process measurements and part quality metrics, as discussed previously. This could potentially enable reducing massive raw data sets to a small number of statistical metrics, presuming that meaningful correlations between such statistics and process control measures or part quality metrics can be established. Even with such data reduction, improvements in data infrastructure will likely be needed. It is anticipated that the storage of in-process sensing data will require a networked system to move it from the collection location at an individual additive machine to a centralized server for analysis, archiving, and action. Such infrastructure has been envisioned for the "industrial internet." Both data reduction and data infrastructure issues will also be discussed in the remainder of this section.
Magnitude of in-process sensing data
Some simple order of magnitude calculations will help illustrate the scale of the problem. Consider a laser scan rate of 100 mm/s for a part with geometric tolerances ±100 μm. As a rule of thumb, a measurement system should have resolution of~1/10 of the specified tolerance; hence, a spatial resolution of 10 μm would be desired. For a Lagrangian melt pool sensor like those described in the "Electromagnetic melt pool signature monitoring" to "Lagrangian reference frame modalities" sections this would require a data collection rate of~10 kHz to achieve the desired spatial resolution, i.e., one data point for each 10 μm scanned. A similar argument may be made on the basis of melt pool dynamics. It has been estimated that at typical laser scan speeds, when monitoring a fixed location, a melt pool will persist for only~0.001 s with heating and cooling rates on the order of 10 6 K/s [67] . Capturing melt pool dynamics with any reasonable degree of utility might thus be expected to require data collection rates on the order of at least 10 kHz. Typical data rates for systems reported in the both commercial and laboratory melt pool monitoring systems are around 50 kHz. An in-process sensing system will likely require multiple data channels to be an effective tool for quality monitoring or process control (e.g., one or more photodiode signals, position coordinate signals, and laser power). A single precision value from a sensor stored in a binary fashion occupies 32 bits. The data rate from a five-channel system collecting at 50 kHz will be 1 MB/s. This seemingly small value grows quickly when build times can stretch into many hours or even days. For example, a 3-day build with a laser on time of 90 % and the five-channel collection system described previously would generate a little over 233 gigabytes of data. In a manufacturing environment with several machines running year round, the quantity of data collected quickly soar into the petabyte range. For perspective on this value, consider that as of May 2013, the entire catalog of content for the popular Netflix streaming service was reported to be just over 3 petabytes of data [68] . Clearly, data management strategies are critical to the adoption of process monitoring in environments outside of a laboratory setting.
Data reduction
Reducing the amount of data that must be analyzed and stored will be critical for inprocess sensing technology to add real value to additive manufacturing in an industrial production setting. The general approach will likely require analysis of the data in a real-time or quasi real-time basis and generation a reduced set of statistical metrics of the data. Saving just these metrics can result in drastic reductions in the amount of data stored. An example of this approach is the QMmeltpool system from Concept Laser [69] where on-axis camera and photodiode data yield the area and intensity of the melt pool. The data written out by this system consists of the selected metrics of the data, not the entire data set.
Depending on how many metrics are desired or needed, the amount of output data can be reduced from the order of 100 s of gigabytes described previously to the order of megabytes per build. The question that remains to be answered is which such metrics provide the most value for enabling process control and/or quality monitoring. This will in part depend on which quality metrics are most important for the part being manufactured. A prerequisite to answering this question is an understanding of the correlations between in-process measurements and part quality metrics (cf. Fig. 6 ).
Data infrastructure
Regardless of the data reduction strategies that are ultimately used, it is expected that large-scale widespread industrialization of in-process sensing technology for additive manufacturing will require the development of tools and strategies for archiving data [70] . This will likely be especially important in highly regulated industries such as medical device and aerospace manufacturing. Building of the storage space and network connectivity infrastructure required is part of the development of the so-called "industrial internet," "internet of things," or "Industrie 4.0" [71] [72] [73] . Though not exclusive to additive manufacturing, this is the subject of several well publicized large corporate initiatives, including GE's Digital Thread [74] and IBM's Big Data and Analytics Hub [70] .
Commercial systems
From a commercial manufacturing standpoint, in-process sensing technology for additive manufacturing is still in its infancy. Most systems discussed in this article have been employed only in an academic research environment. With the exception of systems designed for monitoring of traditional laser welding processes, most commercially available SLM process monitoring systems have been only recently introduced to the market. EOS GmbH announced the addition of a melt pool monitoring suite for its laser powder bed metal machines at the 2015 formnext trade show [75] . A summary of some of these systems is provided in Table 3 . The "voice of process" sensor modalities described in the previous section are all well represented. As should be apparent, each modality has its technical advantages and drawbacks. Key to the success of any of these will be the analytics applied to the process signals to correlate them to process quality metrics. Other factors of importance in evaluating commercial systems will include cost, the ease with which they are integrated with the additive machine, and their ease of use in a manufacturing environment.
Conclusions
The ultimate goals of SLM process monitoring are to provide a capability or real-time quality assurance, and ultimately, for closed-loop feedback control of the additive machine. This will require a strong understanding of the relationship between monitored process variables and signatures and relevant part quality metrics. Most process monitoring studies have reported only qualitative correlations. Quantifying these correlations along with the variations of in-process signals will be a first step toward statistical process control (SPC) of the additive process. Gervasi et al. demonstrated application of SPC principles to a stereolithography process and discussed its application to laser powder bed processes [76] . Nonetheless, while the use of SPC is a standard practice for many manufacturing operations, it has seen limited use in relation to additive manufacturing processes.
Some initial steps have been taken in the development of real-time closed-loop feedback control, notably by researchers at Katholieke Universiteit Leuven [52, 54, 58, 77] . That work primarily aimed at maintaining a constant melt pool size and demonstrated some success in improving the surface finish and shape of downfacing features. Advancing feedback control technology for SLM will likely require improved process models that relate melt pool and quality characteristics to process variables. Numerous SLM process modeling efforts are underway, a review of which is beyond the scope of this manuscript. To date, few if any efforts have utilized in-process monitoring signals to validate those models.
For the rapid pace of additive manufacturing and specifically metal selective laser melting industrialization to continue, significant advancement of process sensing and corresponding analytic and control capabilities will be required. As discussed in this manuscript, significant progress is being made in this direction, though the complex nature of the SLM process presents formidable challenges. While there remains a need for understanding the influence of feed powder characteristics on the process as well as quantitative correlations between process sensor responses, process variables, and quality metrics, the availability of first-generation commercial systems along with progress described herein point to a promising future for SLM industrialization.
